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Abstract
In this paper, a methodology for understanding the relationships between process parameters and the bead area geometry
are presented. The objective of the first part of this study is to find the optimal bead area geometry in the Gas Metal Arc
Welding (GMAW) process. A radial basis function (RBF) neural network is used for the prediction of the cross sectional
area of the welding bead using a three level factorial design of experiments for the training of the neural network.
© 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Global 
Science and Technology Forum Pte Ltd
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1. Introduction
Welding in general is a very complex process due to the fact that involves multiple chemical, physical and
mechanical phenomena. This process also involves a complex interaction of solid, liquid, gaseous, and 
plasma-state; all of these phenomena take place simultaneously in a relatively small volume, over a short 
distance, at high temperatures and frequently over short periods of time.
This complexity makes the sensing and measurement of the parameters in the welding process very
difficult to perform online. Since measuring, sensing, or monitoring the process parameters of a physical
system is of primary importance in the application of any automatic control technique, it is necessary to 
develop mathematical models to make effective use of automated and/or robotic arc welding and obtaining
the desired bead geometry and weldability.
Available online at www.sciencedirect.com
© 2013 The Authors. Published by Elsevier Ltd. Open access under CC BY-NC-ND license.
Selection and peer-review under responsibility of CIIECC 2013
399 Daniel Ramos-Jaime et al. /  Procedia Technology  7 ( 2013 )  398 – 405 
Several efforts have been made to model the relationships between process parameters and bead geometry 
in the arc welding process. These attempts can be grouped into two distinct areas proposed by Kim et al., 
2003: empirical methods based on studies of actual welding situations, and theoretical studies based on heat 
flow theory. In the first group an early attempt of Chandel, 1988, using a statistical approach set the bases of 
the relationships between process parameters and bead geometry of GMAW. These results revealed that arc 
current has the greatest effect on bead geometry, and that mathematical models derived from experimental 
results can be used to predict the bead geometry.  In more recent approaches  Naidu et al, 2003, and Pires et 
al., 2005, presented reviews of the state of art that provide a clear picture of the various methods of modeling, 
control and sensing of weld bead geometry.  
Kim et al., 2003, in their publication present a sensitivity analysis of process variables using a full factorial 
design with three input variables (voltage, current and travel speed) and three output variables (height, width 
and penetration). Kolahan and Heidari, 2009, describe a model with five input variables and three output 
variables based on the Taguchi method, this model is embedded into a simulated annealing algorithm to 
optimize the parameters of the GMAW process.  Kim et al., 2003,  developed a full factorial design of robotic 
GMAW process, which used linear models, and a second-order neural network for predicting weld bead width 
and Sampaio et al., 2005, present a comparison between the surface response  and a genetic algorithm to 
optimize the GMAW process. However, all these approaches sees the geometry of the weld as a one 
dimensional value, they only take values for maximum penetration, bead width and height and make a 
prediction . But in reality these values are more related to 2D and volumetric values. 
Singla et al., 2010, take into account this and develop a linear regression to estimate the area using a 
factorial design with two levels and four variables (current, voltage, travel speed and distance from the nozzle 
to the workpiece). Also Dey et al., 2010, take a 2D approach developing a system capable of predicting the 
geometric profile of the weld bead using a retro propagation neural network and other neural network 
optimized using a genetic algorithm. 
As mentioned above, there are other types of models based on physical equations of the process as 
presented by Kumar and Debroy, 2003, where they developed a model based on the equations of heat transfer 
involved in the process and held a parameter optimization using two conjugate gradient methods as well as 
the Levenberg-Marquardt method. Wang et al., 2003, presented a numerical model capable of predict the 
droplet profile and describe the the nonisothermal phenomena such as heat transfer and phase change. Kim 
and Eager, 1993 present also a model capable of predict the droplet size by heat transfer equations.   However 
these techniques besides presenting very complex models require the measurement of many process variables, 
which complicates testing and validation. 
In this paper, a methodology for understanding the relationships between process parameters and the bead 
area geometry is presented. The objective of the first part of this study is to find the optimal bead area 
geometry in the GMAW process.  
The first part of this paper gives a brief introduction to the GMAW process, and then a statistical three-
level factorial analysis is described in section 3. Finally a radial basis function neural network is used for the 
prediction of the cross sectional area of the welding bead and some conclusions are presented. 
2. Gas metal arc welding (GMAW) 
Welding is a multi-energy process that involves various physical and chemical phenomena, such as plasma 
physics, heat flow and fluid and metal transfer and heat. GMAW welding (Fig. 1) establishes an electrical arc 
between a continuously fed electrode and the weld pool; this is protected by a gas administered externally. 
The heat generated by the arc melts the base metal surface as well as the electrode tip. The molten electrode is 
transferred to the workpiece through the electric arc and serves as the filler metal (weld bead). 
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Fig. 1. Simple diagram of the gas metal arc welding process (Naidu, 2003)
2.1 Development of experimental design
The chosen factors for the design of experiments were the wire feed speed (an indirect measure of the arc
current), the welding voltage and the welding travel speed, as output we observe the cross sectional area of the
welding bead. A 33 factorial design with a replica was used for the experimentation providing the main effect 
and the interaction of the three parameters at three levels. These parameters were selected according to the
classification proposed by Dornfeld, 1982, where he categorized the GMAW main variables into three main
categories:
Variables that can be varied on-line during the process.
Variables those are set prior to the beginning of the process.
Variables that cannot be modified.
For the GMAW process the variables belonging to the first group are the voltage and polarity supplied by
the power source, the wire feed speed and the resulting current and the travel speed of the welding torch, the
variables belonging to the second group are the composition and protective gas flow, torch angle, electrode
distance to the workpiece and the composition and diameter of the electrode, the variables cannot be modified 
are the thickness of the base metal, the joint geometry and physical properties of the base metal. The process
parameters and limits employed in this study are given in Table 1. All other parameters except these
parameters under consideration were fixed (Table 2).
Table 1. Process parameters and limits
Variable Unit Values
Wire feed speed m/min 6.35, 7.62, 8.89
Welding voltage V 23, 25, 27
Torch travel speed m/s 0.007, 0.009, 0.011
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Table 2. Process constant and values
Constant Unit Value
Type of gas % Ar 99.999 %
Gas pressure PSI 40
Type of electrode - Steel LS-
Base material - Steel 1018
Dimension of plate Inch
Torch angle Grades 90°
Joint geometry - Bead-on-plate
With this values a full design of experiment were performed, using three variables and three levels,
thus the model consists of 27 treatments, however a replication was made resulting in 54 experimental units
leaving 27 degrees of freedom to the error. The cross sectional area of the welding beam is measured as
output.
2.2 Area measurement system
Once the 54 experiments were conducted, the welded plates were cut at the center of the bead to obtain 10-
mm-wide test specimens. These specimens were prepared by the usual metallurgical polishing methods and 
etched with 2% nital. The specimens were analyzed in an optical microscope and the resulting images were 
processed and segmented by the watershed algorithm (Fig. 2). 
Fig. 2. Process of welding bead segmentation. (a) Original image of the cross sectional area. (b) Using a threshold the welding bead and 
the heat affected area can be segmentated. (c) Segmented welding bead. (d) Watershed segmentation  can distinguish between the heat 
affected area and the welding bead.
This watershed algorithm is related to thresholding, since it operates on a grayscale image, (Vincent and 
Soille, 1991). This technique segments an image into several catchment basins, which are the regions of an
image (interpreted as a height field) where rain would flow into the same lake. An efficient way to compute
such regions is to start flooding the landscape at all of the local minima and to label ridges wherever 
differently evolving components meet (Szeliski, 2010).
The algorithm first converts the RGB image into a grayscale image, and applies a thresholding over the
gradient of the grayscale image, then the selected pixels by the thresholding are segmented by the watershed 
algorithm. The resulting image represents the segmented welding bead area (blue in Fig 2d) and the heat 
affected area (red in Fig 2d) then the system measures the segmented cross-sectional area of the welding bead 
and gives a measure in pixels.
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3. Radial basis function 
The construction of a radial basis function, in its most basic form, involves the use of three layers with 
completely different roles. The input layer is made up by source or sensory nodes that connect the network 
with the environment. The second layer applies a nonlinear transformation from the input space to the hidden 
space. The output layer is linear, providing a network response to the trigger signal applied to the input layer 
(Haykin, 2005). 
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norm that usually is the Euclidean  norm. 




















where the vectors x  and w  represent the desired response and the linear weight vector respectively. 
Rewriting the equation, it can be expressed as: 
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4. Results and discussion 
4.1 Effect of wire feed speed on bead area 
The wire feed speed is very significant in the area prediction, as shown in Figure 3, representing 33.48% of 
the variation in the linear model. Since the area is a function of the width, height and depth, and from previous 
work (Ramos, 2010) we know that the wire feed speed is positively correlated to the height and the depth, and 
403 Daniel Ramos-Jaime et al. /  Procedia Technology  7 ( 2013 )  398 – 405 
its correlation was not statistically significant with the width, the resulting correlation is also positive. This 
implies that if we want to maximize the area we will have to use high values in the wire feed speed. This 
makes sense because the welding wire acts as filler material, and at higher speeds there will be more welding 
material per second. 
 
 
Fig. 3. Effect of wire feed speed on the prediction of the bead area. 
4.2 Effect of welding voltage on bead area 
The voltage effect is not significant in the prediction of the area (Figure 4), since the effects on the height 
and width are contrary, by increasing the voltage the width of the bead decreases but have an increment in 
height, having no great influence on the depth (Ramos, 2010). It means that in terms of square units, the 
increase in height and decrease in the width will be very similar with higher voltage. 
 
 
Fig. 4. Effect of welding voltage on the prediction of the bead area. 
4.3 Effect of travel speed on bead area 
The travel speed as the wire feed speed is highly statistically significant in predicting the area, explaining 
27.44% of the variability in the linear model. The correlation between the area and the travel speed turns out 
to be negative as is the case with the width, depth and height (Ramos, 2010), since the robot at a slower pace 
allows leaving as much filler per area unit. 
 
404   Daniel Ramos-Jaime et al. /  Procedia Technology  7 ( 2013 )  398 – 405 
 
Fig. 5. Effect of travel speed on the prediction of the bead area. 
4.4 Prediction of the bead area with RBF neural network 
      As we saw in the previous development, the network performance of radial basis function is closely 
related to the calculation of the distance between x points and the centroids of the Gaussian function. Since x 
points are known, the performance of this network relies on the proper selection of the position of the 
centroids and how the distance between the known point x and the centroid is calculated. Accordingly, it was 
decided to use different methods for calculating the centroid position and the distance between the known 
point and the centroid as proposed in (Praga, 2012). 
       For positioning of the centroids we use two methods, the first based on the clustering k-means, using 
available matlab function, and the second based on a genetic algorithm. To calculate the distance, the 
Euclidean distance (DE), the Mahalanobis distance (MD) and the normalized Mahalanobis distance (DMN) 
was used. The table 3 shows the performance of the algorithm with the different methods. 
Table 3. Results of the prediction of the radial basis function neural network in terms of R2 
Area DE DM DMN 
K-means clustering 67.45% 70.17% 67.21% 
Genetic algorithm 77.02% 79.14% 76.59% 
       The resulting model for predicting the area has a good performance, as it is able to predict 79.14% of the 
variability in the area. In Figure 6, the graph about the prediction using the RBF network and the real behavior 
is shown. 
Fig. 6. Prediction of radial basis function 
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5. Conclusion 
       In this paper, the effect of the process parameters for GMAW in the prediction of bead geometry has been 
reported. Experimental results have shown that the process parameters such as the welding travel speed, the 
wire feed speed and the welding voltage, influence the bead area in the GMAW processes. Mathematical 
models developed from the experimental data can be employed to study relationships between process 
parameters and bead geometry and to predict the bead dimensions within 0 20% accuracy. 
       The radial basis function neural network showed that there is a little difference using different methods 
for calculating the distance to the centroid points since the algorithm converges in all cases. However, the 
Mahalanobis distance tends to be the Euclidean distance that leads to little difference in the results which tend 
to be more influenced by the randomness in the centroids allocation. The selection of the optimization 
algorithm proved to have a great influence on the final results. 
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